There is considerable interest in maintaining working memory (WM) because it is essential to accomplish most cognitive tasks, and it is correlated with fluid intelligence and ecologically valid measures of daily living. Toward this end, WM training protocols aim to improve WM capacity and extend improvements to unpracticed domains, yet success is limited. One emerging approach is to couple WM training with transcranial direct current stimulation (tDCS). This pairing of WM training with tDCS in longitudinal designs promotes behavioral improvement and evidence of transfer of performance gains to untrained WM tasks. However, the mechanism(s) underlying tDCS-linked training benefits remain unclear. Our goal was to gain purchase on this question by recording high-density EEG before and after a weeklong WM training + tDCS study. Participants completed four sessions of frontoparietal tDCS (active anodal or sham) during which they performed a visuospatial WM change detection task. Participants who received active anodal tDCS demonstrated significant improvement on the WM task, unlike those who received sham stimulation. Importantly, this pattern was mirrored by neural correlates in spectral and phase synchrony analyses of the HD-EEG data. Notably, the behavioral interaction was echoed by interactions in frontalposterior alpha band power, and theta and low alpha oscillations. These findings indicate that one mechanism by which paired tDCS + WM training operates is to enhance cortical efficiency and connectivity in task-relevant networks.
Introduction
Working memory (WM) provides the mental workspace engaged during most cognitive tasks (e.g., Conway et al., 2003; Kane and Engle, 2002) . Unfortunately, WM is generally considered limited in capacity (Cowan, 2001; Eriksson et al., 2015; Franconeri et al., 2013; Luck and Vogel, 1997; Oberauer et al., 2016 ; for other factors influencing WM capacity see: Alvarez and Cavanagh, 2004; Brady et al., 2016; Curby et al., 2009) . Furthermore, there is an active debate regarding whether WM capacity is a discrete resource, accommodating a fixed number of items (Barton et al., 2009; Ester et al., 2014; Zhang and Luck, 2011) , or a pooled resource permitting flexible allocation across a variable number of items (Bays et al., 2009; Ma et al., 2014 ; see also : Fukuda et al., 2010; Wei et al., 2012) . Although these observations point to what remains unclear about WM, it is unquestioned that successful WM is important for everyday tasks. This means that interventions that preserve or enhance WM are important for people in general, and especially for vulnerable populations such as the aging.
A variety of WM training interventions propose that practicing specific WM tasks will generally strengthen WM (reviewed in: Karbach and Verhaeghen, 2014; Morrison and Chein, 2011 ). Yet, there is marked skepticism regarding the claims of commercial products 1 (Chacko et al., 2013 ; ''A Consensus on the Brain Training performance. TDCS is a form of non-invasive brain stimulation that applies electrical current (typically 1-2 mA) through scalp-based electrodes to alter the resting state of underlying neuronal populations Paulus, 2000, 2001; Stagg and Nitsche, 2011) . It is well suited for targeting the frontoparietal substrates of WM as it is safe (Nitsche et al., 2003) and well tolerated (Kessler et al., 2012; Poreisz et al., 2007 ; for recent reviews see: Berryhill et al., 2014; Bikson et al., 2016; Parkin et al., 2015; Woods et al., 2015) . Importantly, most studies using longitudinal designs report consistent cognitive benefits across participants in WM (Au et al., 2016; Jones et al., 2015b; Park et al., 2014; Richmond et al., 2014) and other tasks (Choe et al., 2016; Ditye et al., 2012; Martin et al., 2013; Meinzer et al., 2014; reviewed in: Elmasry et al., 2015) . However, one recent WM training study applying three sessions found that two participants performed worse after the active tDCS protocol (Talsma et al., 2016) . This observation echoed some of our previous research showing that individual differences are important in tDCS research. In short, we previously found that only high WM capacity younger adults, or more educated older adults benefited from a single session of tDCS (Berryhill and Jones, 2012; Jones et al., 2015a ; also see: Berryhill et al., 2014; Hsu et al., 2016; Jones et al., 2015a; London and Slagter, 2015) . Our data suggest active tDCS may enhance training-related benefits by prolonging improved performance, as our most robust effects were apparent after a month of no contact (Jones et al., 2015b; Stephens and Berryhill, 2016) . There is consistency across laboratories, protocols, and tasks that stands in marked contrast to the single session tDCS studies which is highly variable that we argue contributes to debates regarding the effectiveness of tDCS when applied to cognitive tasks (see meta-analyses: Horvath et al., 2015a,b; Jacobson et al., 2012; Mancuso et al., 2016 ; but see: Antal et al., 2015; Berryhill and Jones, 2012; Berryhill et al., 2014; Brunye et al., 2014; Price and Hamilton, 2015) . This controversy is outside the scope of this article, but it is important to reiterate that the consistency of cognitive benefits reported in the small longitudinal tDCS literature is not matched in the single session tDCS literature. This discrepancy will ultimately need to be reconciled. One primary gap in knowledge exists with regard to the mechanism(s) of longitudinal tDCS-linked WM improvement. At different levels of inquiry, it is very likely to include neuroplasticity via an LTP-like mechanism (reviewed in: Brunoni et al., 2012; Filmer et al., 2014; Medeiros et al., 2012; Stagg and Nitsche, 2011) , altered resting state connectivity (e.g. Keeser et al., 2011; Weber et al., 2014) , and modulated brain perfusion (Nord et al., 2013; Stagg et al., 2013) . One recent review indicated that rather than being a 'bug', a 'feature' of tDCS is that it provides diffuse stimulation, with effects seeming to alter task relevant networks alone (Filmer et al., 2014) . This is consistent with our observation that stimulating frontoparietal networks via PFC, PPC, or alternating between PFC and PPC sites yielded statistically equivalent behavioral effects on WM performance, although alternating sites had a numerical advantage (Jones et al., 2015b) , which suggests that stimulating various nodes of this network results in a WM boost.
To increase the explanatory power of the tDCS technique, it is important to isolate candidate neural mechanisms associated with tDCS-linked performance improvements. Several recent experiments paired tDCS with neuroimaging techniques such as functional near-infrared spectroscopy (fNIRS; Ishikuro et al., 2014; Jones et al., 2015a; Khan et al., 2013; McKendrick et al., 2015; Merzagora et al., 2010; Muthalib et al., 2016 Muthalib et al., , 2013 , or functional magnetic resonance imaging (fMRI; Alon et al., 2011; Antal et al., 2011; Holland et al., 2011; Kwon and Jang, 2011) to investigate neural changes after tDCS. These data lead to the interpretation that tDCS improves the efficiency of task relevant neural networks. By way of example, four days of flight simulator training paired with dorsolateral prefrontal tDCS enhanced the mid-frontal theta power during both the flight simulation task and an untrained WM n-back task (Choe et al., 2016) .
TDCS may change neural oscillations. This would converge with an established EEG-WM training literature. Alpha (and theta) oscillations support WM maintenance and are linked to individual differences in WM performance (reviewed in: Roux and Uhlhaas, 2014) . There are currently two prominent theories of the role of alpha oscillations in WM maintenance. First, the inhibition-timing hypothesis suggests that increased alpha power serves to inhibit task-irrelevant regions to prioritize processing task-relevant information (e.g., Jokisch and Jensen, 2007; Kelly et al., 2006; Klimesch et al., 2007) . Second, an alternative view is that the delay period alpha during a WM task may reflect the underlying WM maintenance process itself (Herrmann et al., 2004; Leiberg et al., 2006; Palva et al., 2011; Sauseng et al., 2005) . Posterior alpha power increases with WM load (e.g., Jensen and Tesche, 2002; Manza et al., 2014 ) and may be inhibiting task irrelevant information (Klimesch et al., 1999) .
WM performance is also associated with frontal oscillations in theta (e.g., Schack et al., 2005) and alpha (e.g., Itthipuripat et al., 2013) . In particular, enhanced phase synchrony between anterior and posterior sites appears to protect items held in WM (Bonnefond and Jensen, 2012) . Modulating anterior-posterior phase synchrony via rTMS impairs WM performance suggesting that longrange phase coupling may be the mechanism for top-down modulation between PFC and more posterior cortical areas (Zanto et al., 2011) . Importantly, both alpha and theta frequency bands (3-15 Hz) show modulation by tDCS (Mangia et al., 2014; Spitoni et al., 2013) . This makes HD-EEG a particularly good tool to study the mechanism(s) underlying tDCS-linked WM improvement.
Here, we investigated this question by pairing a week of WM training with anodal frontoparietal tDCS. High-density EEG (HD-EEG) was collected before and after training to measure neural changes, as EEG is able to record cortical activity with high temporal resolution. Furthermore, EEG will allow for analyses of neural oscillations during the WM change detection task. Participants completed four WM training sessions paired with active anodal or sham tDCS targeting right frontoparietal WM networks (right DLPFC and PPC). Participants performed the same supra-capacity WM change detection task during each session 2 . During analysis, we focused on alpha and theta frequency bands (3-15 Hz) because they are modulated by tDCS (Mangia et al., 2014; Spitoni et al., 2013) and involved in WM maintenance (Roux and Uhlhaas, 2014) . We tested the prediction that tDCS would benefit WM performance and reveal corresponding neural correlates detectible as decreased alpha, suggesting greater efficiency in WM networks, and increased phase locking, consistent with improved connectivity in WM networks.
Material and methods

Participants
Twenty-four neurotypical right-handed University of Nevada students (mean age: 24.20, standard deviation (SD: 3.81) participated. Participants were randomly assigned to the active tDCS (5 females) or sham tDCS (6 females) groups. Participants were screened for use of neuroleptic, hypnotic, or seizure medications. Participants reported no history of neurological or psychiatric symptoms or head injuries. One participant from the active tDCS 2 The terms working memory and short-term memory are used interchangeably in the existing literature. In the strictest sense the current WM change detection task measures visual short-term memory. However, we have opted to use the term working memory to stay consistent with the broader literature.
group was excluded from all subsequent behavioral and EEG group-level analyses due to excessive noise in the pre-training EEG data. The University of Nevada Institutional Review Board approved all procedures. Participants provided informed consent and were compensated $15/hour ($70 total).
Experimental sequence and WM change detection task
Participants first completed a WM change detection task during HD-EEG recording (on Monday; see Section 2.5). Immediately afterward, on the same day the EEG cap was removed from the head and participants received tDCS (session 1: see Section 2.4), followed by completion of the same WM change detection task for a second time. During sessions 2-4, on the following three days (Tuesday, Wednesday, Thursday), participants received tDCS prior to completing the WM change detection task. During the final session (session 5, Friday) participants completed the WM change detection task during HD-EEG recording but they did not receive tDCS.
During each trial, participants first were presented with a fixation point at the center of the screen (500 ms), then the participants viewed five gray scale pictures (3.5°Â 3.5°) of common objects drawn from a set of 20 items (ant, axe, carrot, chicken, corn, fence, flower, football, eyeglasses, hammer, kettle, kite, leaf, pipe, scissors, snake, squirrel, toothbrush, windmill, violin; 200 ms; Rossion and Pourtois, 2004) , followed by a blank delay (1000 ms), and a single-recognition test probe, to which participants made an old/new judgment (3000 ms) indicating whether or not the item was previously seen (Fig. 1) . Participants completed 432 trials of the task during each HD-EEG and tDCS session. This task was not adaptive in order to maintain a consistent set size between participants. This meant that the WM-linked EEG amplitudes across participants reflected responses to a consistent task. The WM change detection task was controlled and stimulus event onsets were triggered using the Psychophysics Toolbox (Brainard, 1997; Pelli, 1997) for MATLAB (MathWorks Inc., Natick, MA). Participants viewed the stimuli from a distance of $57 cm.
Transcranial direct current stimulation
Stimulation consisted of a single continuous direct current delivered by a battery-driven continuous stimulator (Eldith MagStim, GmbH, Ilmenau, Germany). Current (1.5 mA, 15 min) was delivered through two 5 Â 7 cm 2 electrodes within saline-soaked sponges. Sham stimulation included 20 s of ramping up and down stimulation at the beginning and end of the 15-min period to give the participant a physical sense of stimulation associated with current change. Participants were randomly assigned group membership: active anodal or sham tDCS. Participants were blinded as to which tDCS condition they received, and the experimenter who conducted the pre-and post-EEG sessions was also blind to the tDCS condition. Participants also completed a post-tDCS questionnaire, in which they indicated any adverse symptoms experienced during stimulation. No participants reported any adverse effects and none indicated they were aware of their stimulation condition. For all participants regardless of stimulation group, the anode alternated between the right PFC (F4) and right PPC (P4) in a counterbalanced order across all four sessions, whereby every participant completed two sessions of anodal PFC (F4) and two sessions of anodal PPC (P4; Jones et al., 2015b) . We had used this unconventional alternating frontoparietal montage in a previous WM training study in healthy older adults and found that the anode location had equivalent behavioral effects when applied to right prefrontal, right parietal, or alternating between the two, although there was a numerical advantage in the alternating condition (Jones et al., 2015b) . Thus, we selected to alternate between the two in the current study, to target both ends of the frontoparietal WM network and to increase the likelihood of observing effects in a young adult population. The reference (cathode) electrode was placed on the contralateral cheek, which has been effective in previous research studies (Berryhill and Jones, 2012; Berryhill et al., 2010; Elmer et al., 2009; Jones et al., 2014 Jones et al., ,2015a Stephens and Berryhill, 2016; Tanoue et al., 2013) . Participants completed a practice version of the WM change detection task, which consisted of 36 trials of equal difficulty during the 15 min of stimulation. Once the 15 min of stimulation was completed, the electrodes were removed from the head and the participants completed the experimental WM change detection task. As such, an offline tDCS protocol was used in the current work (reviewed in: Hill et al., 2016) .
HD-EEG
The EEG was recorded in DC mode, at a sampling rate of 1000 Hz with a vertex (Cz) reference from 256 high-impedance electrodes mounted in a HydroCel Geodesic Sensor Net amplified by a Net Amps 300 amplifier and acquired using Net Station 4.5.5 software (Electrical Geodesics Inc., Eugene, OR) running on a 2.7 GHz dual-core Apple Power Mac G5. Electrode impedances were kept below 50 KX.
Analyses
Preprocessing
Data were analyzed using the Fieldtrip software package, a MATLAB-based toolbox (Oostenveld et al., 2011) . Data were first high-pass filtered at 0.5 Hz, then segmented into epochs covering the time from 1.0 s before to 3.0 s after the onset of the sample array in each trial. The data were down-sampled offline to 512 Hz. Independent components analysis (ICA) was performed on the epoched data, and the eye blink component(s) were identified and removed for each participant's data. After eye blink correction, EEG waveforms from frontal electrodes (i.e., E237/E247) were visually inspected to identify voltage fluctuations (i.e., fluctuations greater than 18.75 lV or less than À18.75 lV) typical of horizontal eye movements. Trials containing horizontal or vertical eye movements were rejected entirely. To maintain sufficient statistical power for each session, any participants with fewer than 150 remaining trials artifact rejection and incorrect trial rejection were not included in analyses (n = 1). The remaining 23 participants had an average of 281 trials per session (SD = 44.7). EEG data were analyzed only for correct trials (de Vries et al., 2017 
Spectral analysis
Power spectra were calculated using a multitaper time-frequency transformation based on multiplication in the frequency domain from 1 to 30 Hz with 0.5 Hz increments using a Hanning taper applied to short sliding time windows (Percival and Walden, 1993 ) every 100 ms. An adaptive time window of five cycles for each frequency (DT = 5/f) was applied. Spectral data were baseline corrected using the fixation period as the baseline time period (i.e., (delay -fixation)/fixation).
Phase-Locking value analysis
To investigate phase synchrony we applied a method termed phase-locking value (PLV; Lachaux et al., 1999) . PLVs represent the phase covariance between two signals that are close in time. Unlike the potentially more familiar method of spectral coherence, PLVs separate the phase and amplitude components. The advantage of this is that it makes PLV less susceptible to the amplitude of the signal, and this means they can be directly interpreted in the framework of neural integration (Lachaux et al., 1999) . Phase-locking between two signals (s a i and s b i ) was quantified, from the unaveraged signals, using wavelet analysis (Lachaux et al., 1999) . A complex representation of the phase for trial i at time t and frequency f 0 is given by the convolution of a Morlet wavelet, wðt; f 0 Þ ¼ AexpðÀt 2 =2r PLV ranges from 0 to 1, which estimates the variability of phase differences between two signals across trials. If the phase difference varies little across trials, PLV is close to 1; with large variability in the phase difference it is close to 0. For all PLV calculations, we selected right frontal electrode E224 as the seed electrode because it corresponds to one of the tDCS stimulation sites (F4) used during training.
Statistical analysis
To test for significant differences between stimulation groups and pre-and post-training time points, and to correct for multiple comparisons, we subjected spectral analyses and PLV measurements to nonparametric randomization tests (Maris and Oostenveld, 2007; Nichols and Holmes, 2002) . This procedure controls for Type I error by calculating the cluster-level statistics by randomizing trial labels at each iteration. First, spectral data from each of the 256 electrodes across the scalp were averaged over the time period of interest, which was the delay period (i.e., 0.2-1.2 s after the onset of the sample), but we excluded the first 500 ms of the Delay period because this time period likely contained sensoryevoked response activity from the cue stimuli (e.g., van Gerven et al., 2009 ; also see Bastiaansen et al., 2012) . Next, a t-value was calculated at each electrode. For each iteration randomizing trial labels, clusters of electrodes where the alpha-level was <0.05 were identified, and their t-values were summed. The largest sum of t-values was used as a t-statistic. This procedure was repeated 5000 times to create the null distribution. The p-value was estimated according to the proportion of the null distributions exceeding the observed cluster-level t-statistic. We focused our analyses on the theta and alpha frequency ranges, given previous work showing the involvement of oscillations in this range for WM performance (for a review see: Roux and Uhlhaas, 2014) . Thus, we used nonparametric randomization tests to determine at what specific frequency bins our effects were present from 3 to 15 Hz at 0.5 Hz intervals.
To compare PLVs, we used nonparametric randomization tests, similar to that described above for the spectral power analysis. For PLV analyses, we also investigated the theta and alpha frequency ranges by examining the 3-15 Hz range at 0.5 Hz intervals. As with the spectral data, phase synchrony in both the alpha and theta ranges has been shown to be involved in WM maintenance and sensitive to load (for a review see: Roux and Uhlhaas, 2014) . Specifically, PLVs for each group and time point were averaged across the delay period. A t-value was then calculated for each electrode across the scalp (except the seed), with trial labels randomized. For each iteration, clusters of electrodes where the alpha-level was <0.05 were identified, and their t-values were summed. The largest sum of t-values was used as a t-statistic. This procedure was repeated 5000 times to create the null distribution. The p-value for a cluster with correct trial labels was then estimated according to the proportion of the null distributions exceeding the observed cluster-level t-statistic.
For both spectral power and PLV data, we were most interested in testing for a tDCS group (active, sham) x session (pre-, posttraining) interaction within the entire frequency range of interest. This was done by first calculating the difference between post -pre values and then testing for stimulation group differences. We used nonparametric randomization tests to control for multiple comparisons across this entire range of frequency bins (3-15 Hz) in order to remain agnostic about where within this range the effects may occur. We then followed up on any significant interaction effects by doing direct within and between group contrasts.
Results
Behavioral results
A priori, we selected a focused analysis approach in which we compared improvement in performance between pre-EEG and Fig. 1 . Top) Timeline for the Experiment. Sessions 1 and 2 both took place on the same day (Monday). The first session acted as a baseline for performance while HD-EEG recorded cortical activity prior to the application of tDCS. Sessions 2-4 had the WM change detection task take place following the application of tDCS. Session 5 (Friday) had participants complete the WM change detection task while the HD-EEG recorded cortical activity and there was no tDCS prior to task performance. In total, participants completed the WM change detection task six times between the four tDCS sessions and the two HD-EEG sessions. Bottom) WM change detection task paradigm used in the Experiment. Five grayscale items appeared for 200 ms followed by a 1000 ms delay. Participants were then required to judge the probed item as old or new.
post-EEG sessions (before/after training). This directly addressed our hypothesis, and followed statistical methods similar to our previous tDCS + WM training study tDCS (Jones et al., 2015b) , as opposed to conducting an ANOVA that compared performance between the groups across each of the individual WM training session. To determine if tDCS promoted greater WM-related improvement, the accuracy data (proportion of correct trials) were subjected to a mixed ANOVA including the within-subjects factor of session (pre-, post-training) and the between-subjects factor of tDCS group (Sham, Active). There was a significant main effect of session (F 1, 21 = 9.46, p = 0.006, partial g 2 = 0.31, GreenhouseGeisser corrected) indicating that accuracy improved over the training period. There was no main effect of tDCS group (F 1,21 = 1.42, p = 0.25). Crucially, there was a significant session x tDCS group interaction (F 1,21 = 4.35, p = 0.049, partial g 2 = 0.17, Greenhouse-Geisser corrected). To characterize this interaction, we conducted follow-up independent-samples t-tests comparing WM performance between the two tDCS groups during both the pre-EEG session and the post-EEG session. There was no difference in WM performance between the two tDCS groups during the pre- 08) ). To further demonstrate the lack of behavioral improvement for the Sham tDCS group, we conducted a t-test comparing WM performance between the pre-EEG and post-EEG sessions for the Sham tDCS group and found no significant improvement (t(11) = 0.85, p = 0.41). In contrast, there was a significant improvement in the Active tDCS group (t(10) = 3.12, p = 0.01). Active Group had 9/11 (82%) participants improve behavioral performance between pre-EEG and post-EEG sessions and the Sham group had 7/12 (58%) participants improve. This pattern replicates the observation that not everyone may benefit from multiple sessions (Talsma et al., 2016) . In this study, 13/15 (87%) of the anodal group improved following verbal WM training (Fig. 3) .
Spectral alpha power
To identify neural correlates of the behavioral interaction, we first sought a group x session interaction across all frequency bins from 3 to 15 Hz during the delay period (Fig. 4) . In the alpha (9-14 Hz) range, there was a significant session x group interaction, (p < 0.05). The effect was robust across frontal and left lateralized electrode sites, with little variability in the topography over this range. To follow-up on this interaction we focused on the alpha 9-14 Hz frequency range and examined spectral power differences in each tDCS group. For spectral analysis, we averaged across the entire significant frequency range of 9-14 Hz for the follow-up tests. The Active tDCS group showed a numerical decrease in alpha power after training, whereas the Sham tDCS group showed an increase in alpha power (Fig. 5A, B) . However, these effects did not reach significance. We also looked for significant group differences before and after training and found that, in line with the behavioral data, prior to training there were no differences between the two groups; see Fig. 5C . Importantly, post-training there was a cluster of posterior electrodes that showed significantly greater alpha power for the Sham group compared to the Active group (p < 0.05); see Fig. 5D . Because posterior alpha power increases with WM load Lenartowicz et al., 2014; Sauseng et al., 2009 ), these results suggest that after training the Active group more efficiently maintained items in WM (Fig. 6) .
Low frequency phase synchrony
The phase locking value (PLV) data were subjected to the same analyses described for the spectral data. Recall that the right Fig. 2 . Accuracy results for the WM change detection task during sessions that took place before and after tDCS. The active stimulation group significantly improved performance following tDCS and five training sessions on the WM recognition task. The sham group showed no improvement as compared to the first pre-tDCS session after five sessions of training on the WM change detection task. The asterisk represents a statistically significant difference (p < 0.05) in the improvement from baseline between tDCS groups. frontal electrode corresponding to the tDCS stimulation site (i.e., E224) served as the seed electrode. We first tested a group x session interaction on delay period PLV for 3-15 Hz. A significant interaction emerged between the right frontal seed and a consistent cluster of posterior electrodes in the 4-8.5 Hz range, p < 0.05 (Fig. 7) . This frequency range encompasses the theta band and low alpha. This pattern of connectivity was present throughout the entire alpha band, but did not reach significance beyond 8.5 Hz (Fig. 7) .
To follow-up on this interaction we had to choose a specific frequency bin because PLV are calculated at a specific frequency, which does not allow us to average across frequency bins as we did above for the spectral analysis follow-up tests. Therefore, we chose the 7 Hz frequency bin, which had the most robust interaction p-value (p = 0.01) and examined PLV differences by tDCS group. These analyses revealed that the Active group alone showed significantly greater frontal-posterior phase synchrony post-compared to pre-tDCS (p = 0.05); whereas the Sham group showed no difference (Fig. 8A, B) . Further, the pre-training data confirmed that there was no initial difference between groups (Fig. 8C ). After training, there was a trend toward greater frontal-posterior phase synchrony for the Active compared to the Sham group (p = 0.1; Fig. 8D ). We interpret these data as evidence that tDCS + WM training enhanced the oscillatory phase synchrony between frontal and posterior brain regions in the theta and low alpha frequency range. Although we cannot localize the posterior cluster of electrodes to a specific cortical population, they are over the PPC stimulation site. Given that this effect was only present in the Active tDCS group, this may reflect the mechanism by which tDCS-linked training enhanced performance benefits in the WM change detection task. One common concern regarding PLV data is the possibility of volume conduction overinflating estimates of phase synchrony. Fortunately, although volume conduction can elicit artificially high PLVs for short-range synchronies, the PLV results presented here represent long-range synchronization (i.e., between frontal and posterior regions), which cannot be explained readily by volume conduction (Lachaux et al., 1999) .
Discussion
Many training regimens target WM for improvement because it is important for most cognitive tasks. Pairing WM training with tDCS can be successful under certain circumstances, but the mechanism of tDCS-linked improvement is not well understood. To address this gap, young adult participants received active or sham, offline tDCS targeting right frontal and parietal sites (in alternation) during four sessions of training in a WM change detection task. The Active tDCS group demonstrated significantly greater gains in WM accuracy compared to the Sham tDCS group, which showed no significant improvement. This finding is consistent with previous verbal and visuospatial WM training studies showing that tDCS strengthens WM training benefits (Jones et al., 2015b; Park et al., 2014; Richmond et al., 2014; Stephens and Berryhill, 2016) . It is important to note that the behavioral difference between the Active and Sham tDCS group reached significance at the final post-EEG session. This is consistent with research showing that the effects of tDCS can follow non-linear time courses (e.g., Au et al., 2016; Jones et al., 2015b; Stephens and Berryhill, 2016) . Additionally, the results suggest that tDCS provides sufficient neuromodulation to elicit WM performance benefits.
To better understand the neural mechanisms underlying the behavioral effect we measured HD-EEG before and after the paired tDCS-WM training sessions. The spectral data revealed that after training there was decreased posterior alpha power for the Active tDCS group compared to the Sham tDCS group. Our interpretation is that these data are evidence of superior efficiency at WM maintenance given that posterior alpha power typically increases with WM load (e.g., Jensen and Tesche, 2002) . The phase synchrony data told a complementary story. There was significantly more frontalposterior phase synchrony in the theta and low alpha range after training in the Active tDCS group as compared to the Sham tDCS group. These modulations in neural activity were not due to WM training alone, as they were not evident in the Sham tDCS group. In short, in young adults anodal tDCS paired with WM training enhanced frontoparietal connectivity and improved performance on a WM change detection task repeatedly administered over the course of a single week.
In addition to clarifying the mechanism by which tDCS-linked WM training operates, the current data provide an additional example of tDCS-related WM benefits to young adults (Richmond et al., 2014; Snowball et al., 2013; reviewed in: Elmasry et al., 2015) . These data have translational potential in developing cognitive interventions that could potentially benefit a variety of participant populations. Indeed, one topic of interest is the observation that training studies using multiple tDCS sessions observe consistent benefits across healthy older adult participants (Jones et al., 2015b; Stephens and Berryhill, 2016) . However, single sessions of tDCS produced some cases of equal and opposite results predicted by factors such as education or independent measures of WM capacity (Berryhill and Jones, 2012) . It will be important to determine how individual or group differences predict benefits in single sessions of a particular tDCS protocol and in training studies involving multiple sessions. Identifying who will benefit and under what parameter settings will be important for tDCS to achieve translational value. Furthermore, factors such as session number should be considered given recent critical meta-analyses characterizing the cognitive applications of tDCS as ineffectual (Horvath et al., 2015a,b) , as well as those that support the effectiveness of tDCS to varying degrees (see these recent reviews for more nuanced interpretations: Dedoncker et al., 2016; Hill et al., 2016; Jacobson et al., 2012; Mancuso et al., 2016) . To optimize all future designs involving tDCS, it will be important to customize the number of training sessions to reap maximal benefit -in terms of performance gains and durability of effects.
Neural mechanisms
To clarify the neural mechanism underlying the behavioral effects we subjected the HD-EEG data to a data-driven series of analyses. These data elucidate several mechanisms by which WM benefits are instantiated after frontoparietal tDCS and they make contact with the existing WM-oscillation literature. Previous studies show that posterior alpha power increases with WM load Jensen and Tesche, 2002; Sauseng et al., 2009) , reflecting increased top-down control (Herrmann et al., 2004; Leiberg et al., 2006; Palva et al., 2011; Sauseng et al., 2005) and/or inhibition of task-irrelevant information Jokisch and Jensen, 2007; Medendorp et al., 2007; Sauseng et al., 2009 ). Both of which are crucial when WM capacity is reached or exceeded (Klimesch et al., 1999) . This previous work guides us to the following interpretation of the current data: the Active tDCS group more efficiently suppressed distracting information and/or controlled task-relevant information during WM maintenance as evidenced by a decrease in posterior alpha power after training. The PLV data revealed greater phase synchrony between frontal and posterior sites after training paired with Active tDCS. TDCS enhances WM processes by modulating underlying frontoparietal network connectivity and that a week of training is sufficient to detect these changes in young adults.
The current findings complement previous work identifying disrupted WM after rTMS over the inferior frontal junction (Zanto et al., 2011) . rTMS prior to the WM task disrupted connectivity between frontal and posterior scalp sites during encoding and predicted declines in WM performance. In addition, the same study found evidence that broad alpha band phase synchrony (i.e., 7-14 Hz) supported top-down modulation within the frontoparietal network. Here, the paired tDCS-training paradigm likely benefited WM performance by improving connectivity between regions critical for top-down control (e.g., frontal sites corresponding to PFC) and those involved in early attention and encoding during the WM process (e.g., posterior sites corresponding to PPC and visual cortex: (Berryhill and Olson, 2008a,b; Harrison and Tong, 2009; Olson and Berryhill, 2009; Serences et al., 2009) . Additionally, the alternating right anterior (i.e., over PFC)-right posterior (i.e., over PPC) anodal tDCS montage may have strengthened frontoparietal connectivity between regions that were conceivably active during both stimulation (i.e., during the practice WM change detection task) and immediately following stimulation (i.e., during the actual WM change detection task). Moreover, the lack of evidence for connectivity changes in the Sham group supports the view that anodal tDCS strengthened frontoparietal connectivity whereas WM training alone did not.
Future directions
To increase the benefit offered by tDCS-linked WM training, other factors should be considered including the nature of the training and transfer tasks, the strategy employed while learning (see also: von Bastian and Oberauer, 2014), and individual difference factors (e.g., age, genetics, motivation level, personality, initial WM capacity). Beyond performance benefits observed for the trained task, to improve translational value, there should be significant transfer to untrained tasks. Although no transfer effects were examined in the current work, we contribute to the training literature by identifying modulation of frontoparietal activity as a potential mechanism underlying observations of tDCS-linked WM Fig. 7 . Nonparametric randomization test results for the delay period PLV data for 3-15 Hz frequency bins. The topographic maps represent group x session interaction test results for each frequency bin. Electrode E224, which corresponded to the right frontal tDCS stimulation site was used as the seed electrode. Electrodes marked with a closed black circle represent electrodes that showed a significant interaction, p < 0.05. The interaction was significant in the 4-8.5 Hz range. Cooler colors indicate a greater difference in PLV between the seed and the marked electrodes between post-and pre-sessions for the Sham group compared to the Active group. Warmer colors indicate a greater difference in PLV between post-and pre-sessions for the Active group compared to the Sham group. training benefits. While the current task was not adaptive by design, some research groups argue that training must be adaptive to promote transfer and improvement in fluid intelligence (Brehmer et al., 2012; Jaeggi et al., 2008 Jaeggi et al., , 2011 Karbach et al., 2015 ; further reviewed in: Au et al., 2015; Klingberg, 2010) . However, other researchers have challenged the reliability and necessity of adaptive training paradigms (reviewed in: von Bastian and Eschen, 2016) . Importantly, previous research indicates that WM training paired with tDCS improves performance in both adaptive (Au et al., 2016; Richmond et al., 2014) and non-adaptive WM training paradigms (Jones et al., 2015b; Park et al., 2014; Stephens and Berryhill, 2016) . Future research will need to continue to provide converging evidence derived from multiple techniques to better understand the differences between these two training paradigms and their potentially unique influence on putative neural mechanisms when paired with tDCS.
The current data replicate findings showing benefits of tDCSlinked WM training. This suggests that a fruitful approach for future investigation will be to pair tDCS with cognitive training paradigms that successfully elicit transfer and to assess other relevant factors (e.g., task type, individual differences). For instance, anodal tDCS to the intraparietal sulcus increases local glutamate concentration differently across participants and the extent of change predicts connectivity during resting state (Hunter et al., 2015) . Further advances, such as those combining tDCS with graph theory (Luft et al., 2014) and neural dynamics (Wokke et al., 2015) are needed to refine tDCS protocols. These previous studies reviewed the possibilities of pairing neurostimulation with other neuroimaging techniques and the cost associated with shifting the balance between competing neural networks. Specifically, the PLV findings discussed above support the theory that excitation in one network likely changes connectivity throughout the cortex (Wokke et al., 2015) . Continuing to pair neuroimaging methodologies with tDCS will help further the understanding of the mechanism at work behind behavioral improvements following neurostimulation.
Limitations
Several limitations deserve mention. First, we tested one population: healthy young adults. There is considerable interest in identifying cognitive interventions for at risk populations, such as the aging or those with dementia, instead of healthy young adults. Our previous work indicates that healthy older adults benefit when tDCS is linked to a WM training regimen, with the greatest effects being observed at a one-month follow-up session (Jones et al., 2015b; Stephens and Berryhill, 2016) . However, the underlying mechanisms of tDCS-induced benefits may be different in an aging population due to differences in patterns of cortical activity (e.g., Cabeza et al., 2002; Davis et al., 2008) . Second, our participants received just four sessions of WM training conducted on sequential days. It would be valuable to refine the current paradigm including optimizing the number and spacing of WM training sessions (reviewed in: Karbach and Verhaeghen, 2014 ; see also Au et al., 2016) . The WM effects may be optimized with fewer sessions spaced farther apart, or there may be a benefit of more sessions over a longer period of time. Furthermore, we do not know anything about the longevity of the behavioral improvement. While there is a growing understanding of mechanistic changes induced by tDCS at the network level, the cellular and molecular changes associated with each task paradigm are not clear (reviewed in: Filmer et al., 2014) . In other words, tDCS remains a frontier. In addition, we acknowledge that group sizes of 11-12 participants raises concerns regarding power. It is important to make note that our EEG data were only analyzed for correct trials, whereas the behavioral results investigated the proportion of correct vs Fig. 8 . Nonparametric randomization test results for delay period 7 Hz PLVs with a right frontal seed electrode shown as a white circle on all topomaps. Comparing each group separately, A) the Active tDCS group showed significantly more frontal-posterior phase synchrony after training compared to before training; and B) the Sham tDCS group showed no significant difference. Comparing sessions separately, C) the pre-tDCS session showed no significant difference between groups but, D) in the post-tDCS session the Active group showed marginally more frontal-posterior phase synchrony after training compared to the Sham group. incorrect trials (accuracy). Future work is needed to replicate and extend these findings.
In closing, the current findings identify several underlying mechanisms associated with tDCS and WM training-related improvements to WM performance. Namely, reduced alpha power after tDCS paired with WM training suggests that tDCS paired with WM training reduces the amount of neural resources required for maintaining items in WM. Moreover, tDCS and WM training can facilitate performance by synchronizing activity within frontoparietal networks involved in WM. Future investigations are now needed to clarify the duration of these benefits, and whether the same mechanisms persist across other populations and for other cognitive domains.
